High-throughput RNA sequencing has proven invaluable not only to explore gene expression but also for both gene prediction and genome annotation. However, RNA sequencing, carried out on tens or even hundreds of samples, requires easy and cost-effective sample preparation methods using minute RNA amounts. Here, we present TranSeq, a high-throughput 3 0 -end sequencing procedure that requires 10-to 20-fold fewer sequence reads than the current transcriptomics procedures. TranSeq significantly reduces costs and allows a greater increase in size of sample sets analyzed in a single experiment. Moreover, in comparison with other 3 0 -end sequencing methods reported to date, we demonstrate here the reliability and immediate applicability of TranSeq and show that it not only provides accurate transcriptome profiles but also produces precise expression measurements of specific gene family members possessing high sequence similarity. This is difficult to achieve in standard RNA-seq methods, in which sequence reads cover the entire transcript. Furthermore, mapping TranSeq reads to the reference tomato genome facilitated the annotation of new transcripts improving >45% of the existing gene models. Hence, we anticipate that using TranSeq will boost large-scale transcriptome assays and increase the spatial and temporal resolution of gene expression data, in both model and non-model plant species. Moreover, as already performed for tomato (ITAG3.0; www.solgenomics.net), we strongly advocate its integration into current and future genome annotations.
INTRODUCTION
The revolution in whole genome and transcriptome sequencing added a new dimension to molecular biology. Specifically, in the case of RNA (i.e., RNA-seq), the capacity to rapidly obtain high-quality transcriptome data even from minute amounts of sample broadened its use from model to numerous other organisms with very limited or no molecular data (Conesa et al., 2016) . Moreover, novel variants of RNA-seq, for example, for exome and single-cell sequencing, are still being developed and optimized (Liu and Trapnell, 2016) . While differential gene expression remains the main application of RNA-seq analysis, the same pool of sequence reads can be mapped onto the genome to identify transcribed genomic regions (Zhao and Zhang, 2015) . Therefore, they are invaluable for gene prediction and genome annotation and can provide information with respect to the position of coding genes and their exon/intron structure, which is the first and most crucial step in understanding the organization of a newly sequenced genome. Yet, in terms of throughput, experimental setups reaching the hundreds and thousands of samples scale are laborious and expensive for most research laboratories. Furthermore, established RNA-seq methods covering the entire length of transcripts frequently fail to accurately assign reads to gene family members that are the products of recent duplication events and share high sequence similarity (Hirsch et al., 2015) .
'High-throughput 3 0 -end sequencing' is an RNA-seq method in which only the 3 0 -end of genes in a sample are converted into cDNA and sequenced [Figures 1 and 2a, b; Wang et al., 2009; Jaitin et al., 2014a; Reuter et al., 2015; ] . In this approach, early barcoding and multiplexing allow the preparation and sequencing of an extensive number of samples at once, hereby strongly reducing the sequencing cost per sample. Briefly, fragmented polyadenylated RNA molecules are used as a template for reverse transcription, resulting in a library that merely contains the 3 0 -end of all polyadenylated RNA molecules, including mRNA transcripts as well as micro-RNAs (miRNA) and other non-coding RNAs [Philippe et al., 2014; Figures 1 and 2a, b and Method S1] . Consequently, this method is able to reveal the location of 3 0 -ends of all polyadenylated transcripts in each sample. Furthermore, to precisely estimate the level of gene expression, oligonucleotides used in this method take advantage of unique molecular identifiers (UMIs, consisting of random nucleotides) to count the absolute numbers of RNA molecules (Kivioja et al., 2011) . Furthermore, as only a short region at the 3 0 -end of genes is sequenced (Figure 2c-g ), as little as~1 million reads per sample are required to cover the whole transcriptome of higher eukaryotes (Jaitin et al., 2014a;  Figure S1 ).
Several methods for 3 0 -end sequencing of mRNA transcripts have been developed over the past few years (e.g., MPSS-DGE and SBS-DGE; Shen et al., 2011) . These methods could efficiently detect gene expression and revealed that most Arabidopsis and rice genes hold alternative polyadenylation sites, $ 49-66% which occur upstream of the annotated stop codons. Yet, despite their potential, according to our knowledge, these methods were not used to improve plant genome annotation and better define gene models. In addition, Massive Analysis of cDNA Ends (MACE; GenXPro) is a commercial package that allows sequencing transcripts 3 0 -ends. MACE reveals gene expression, allele frequencies and alternative polyadenylation at only a fraction of the sequencing costs of regular RNA-seq. This method differs from the method presented here in that it involves the fragmentation of cDNA (rather than RNA) prior to streptavidin purification. A non-commercial method similar to MACE was also reported (Kumar et al., 2012) . Unlike our approach, this method involves the enzymatic fragmentation of cDNA, A-tailing, and T/A ligation. Notably, while these methods are considerably cheaper than the Illumina RNA-seq procedure, their experimental complexity, which employs restriction enzymes, end repair, and affinity beads purification, probably limits easy and rapid preparation of large amounts of libraries simultaneously. Laborious and lengthy library preparation protocols also create more heterogeneity among libraries and often increase the cost of library preparation. An additional method termed BrAD-Seq (Townsley et al., 2015) resembles the method presented here (termed TranSeq). In the TranSeq method, template-switching PCR (Matz et al., Figure 1 . Workflow of the TranSeq library preparation technique. In the TranSeq method, RNA is fragmented into small pieces using divalent cations under elevated temperature and purified using oligo-d(T) magnetic beads. RNA is subsequently used as a template for cDNA synthesis using long barcoded oligonucleotides. Following RNase H treatment, cDNAs are pooled together and ligated to a double-stranded adapter followed by PCR amplification to complete the library preparation and examine its quality.
1999) is used for the synthesis of the second DNA strand rather than the terminal breathing of double-stranded cDNAs (Townsley et al., 2015) . The efficiency of BrAD-seq to detect gene expression was not compared with that of a 'regular' RNA-seq method (i.e., the Illumina RNA-seq procedure), and therefore its competence at characterizing gene expression remains to be assessed. Furthermore, so far, BrAD-seq was not used to better define the genes models at their 3 0 -ends. Additionally, novel methods, particularly for RNA-seq, may often be restricted for use through commercial kits, and this dramatically increases costs and consequently reduces the quantity of users. For these reasons, the use of 3 0 -end RNA-seq methods remains limited, especially in plant research, and these have not become routine in transcriptome and genome analysis.
In this study, we applied TranSeq, a high-throughput 3 0 -end sequencing method (Jaitin et al., 2014a) , and the established full-length transcript sequencing method (i.e., the Illumina RNA-seq procedure) termed here TruSeq, to characterize the transcriptome of tomato fruit during development. We show that while both methods could detect gene expression in a similar manner, TranSeq could efficiently discriminate between highly similar members of gene families. We further applied computational analyses to map TranSeq reads to the reference tomato genome and examined if this could significantly improve genome annotation. Our results showed that TranSeq could facilitate the annotation of new transcripts, and the reassignment of existing gene models (new 3 0 UnTranslated
Regions (UTRS), exons, and introns) in the tomato genome. Overall, the datasets generated in this study allowed the improvement >45% of the existing tomato gene model predictions and facilitated a new interpretation of the tomato transcriptome. Altogether, TranSeq establishes a new level in throughput for transcriptome sample sets by strongly reducing experiment costs, and thereby shifting experimental setups from the current dozens of samples to the hundreds and even thousands in a single experiment. At the same time, TranSeq data provide accurate expression measurements of specific gene family members possessing high sequence similarity and can significantly improve gene model annotation in the numerous reported 'draft' genomes.
RESULTS

Sequencing and mapping of TranSeq reads to reference plant genomes
The relatively inaccurate structural annotation of most plant genomes as well as the limited throughput of samples processed in the standard pipelines for transcriptome analysis, prompted us to evaluate the use of TranSeq, a high-throughput 3 0 -end sequencing method, in plant transcriptomics assays (Jaitin et al., 2014a) . TranSeq-based cDNA libraries were prepared from Arabidopsis and tomato fruit tissues. In Arabidopsis, we used seedlings (2 weeks old), fully developed siliques, seeds at five development stages, and whole open-flower tissues, while whole fruit at the mature green (MG), breaker (Br), and red ripe (RR) stages in tomato. The same tissues were used to generate TruSeq libraries and to perform full-length transcript sequencing (i.e., the 'standard' Illumina method) in the case of tomato. We then mapped the resulting reads onto the genomes of the corresponding plants. The numbers of sequenced reads generated for each of the libraries are indicated in Table S1 . In total, 111 000 000 reads were generated and filtered for quality to yield 105 000 000 reads (94% of the reads passed the trimming) in the TruSeq library data. Typically, 48 RNA samples were used to prepare one TranSeq library, sequenced in a single lane of an Illumina HiSeq system. This yielded~35 000 000 reads of which 31 000 000 typically passed the fastq filter (89.1% reads passed the trimming). The reads were then filtered by UMI, that is, identical reads were not counted unless they harbored a different UMI (Kivioja et al., 2011) . Unlike the reads obtained from TruSeq analysis, mapped all along the transcripts, the TranSeq reads originate solely from the 3 0 -ends of transcripts (Figures 1, 2 and S2). Therefore, as little as~1 million reads are sufficient to cover the transcriptome of a higher eukaryote (Table 1 and Figure S1 ).
In an optimally annotated version of a given genome, TranSeq reads would map merely to the 3 0 UTR of the predicted gene models. Therefore, we first mapped the corresponding TranSeq reads to the Arabidopsis genome, which is the most advanced annotated plant genome to date. Unexpectedly, only 75% of TranSeq reads were mapped to the 3 0 UTR of the existing gene models (TAIR10 version), while the remaining 25% were localized to regions currently annotated as introns, exons, and intergenic regions. Next, we mapped the corresponding TranSeq reads to the reference genome of tomato (ITAG2.4). Likewise, we could map only 54% of the TranSeq reads to the 3 0 UTR of the existing gene models, while the rest were localized elsewhere in the genome (Figures 2 and S3 and Table S1 ). Reads mapped to regions where no genes are predicted, were referred to as 'orphan reads'. Such low percentages of 3 0 UTR reads mapping correctly to the 3 0 -end of gene models imply that the genome annotation of these species requires considerable improvement. Consequently, the results described above prompted us to use TranSeq to reannotate the tomato genome. To this end, we used a combination of TruSeq and TranSeq datasets, prepared from the same tomato fruit tissues at three developmental stages for de novo gene prediction (Data S1 and S2). The results suggest an elongation of the 3 0 UTR in >45% of tomato genes ( Figure 3 , inner track À gray bars). Moreover, the reannotation output not only resulted in extended 3 0 UTR regions but also refined intron/exon predicted models. Besides, we used publically available datasets (i.e., solgenomics.net) together with the TranSeq results to define UTRs. The UTRs defined here were longer than previously described ( Figure S7 ). In some cases, we could identify a 'new exon' ( Figure S2 ). Finally, we collected all orphan reads and used them to predict yet unidentified polyadenylated transcripts (Figure 2g ). The refined gene models assigned were incorporated into the present version of the tomato genome (www.solgenomics.net). Moreover, we have submitted these results to the Sequence Read Archive (SRA, https:// www.ncbi.nlm.nih.gov/sra; #PRJNA432165) and to the TomExpress database (http://tomexpress.toulouse.inra.fr/ aboutTomExpress#), as a publicly available resource for the tomato community.
Gene expression patterns obtained by TranSeq and TruSeq are similar
To determine whether 3 0 -end sequencing is as powerful as the more widely used RNA-seq methods with respect to gene expression, we compared the TranSeq and TruSeq methods applied to tomato (total nine samples; three fruit stages in three biological replicates). After filtering for genes with above 'basal level' of expression (sum of counts in all stages is at least 10), 23 349 and 17 854 genes were detected by the TruSeq and TranSeq, respectively. Among these, 17 642 genes were shared by both methods and 72% displayed higher expression correlation with each other than random. This was demonstrated by a Spearman correlation plot ( Figure S4 ) and the pattern of expression in the inner lanes of the circus plot (Figure 3 , green, orange, and red tracks). The differential expression analysis revealed that TruSeq detected more differentially expressed genes (Table S3) , which can be explained by the difference in library size. Furthermore, Principal Component Analysis (PCA) showed that 36.8% of the variance in expression could be explained by the first component PC1 ( Figure S5A ), which separated between the TranSeq and TruSeq results, and was largely due to the large difference in the averaged level of counts between the two methods. The other components, PC2 (18.9%; Figure S5b ), PC3 The circus plot represents the tomato genome (ITAG2.4) divided into 12 chromosomes (outer black lines) and shows gene density (outer track; red and yellow bars represent low and high gene density, respectively) and revised genes (inner track; gray bars), based on TranSeq reannotated or newly annotated 3 0 UTR regions. The six most inner tracks outline the expression patterns of the shared genes detected by TranSeq and TruSeq methods, at mature green (green track), breaker (orange track), and red ripe (red track) stages. Each chromosome was divided and plotted into 20 kb bins.
(13.8%; Figure 5c ) and PC4 (4.9%; not shown), captured the variance between the sampled tissues (i.e., the three fruit developmental stages) and showed a similar trend between the two methods.
TranSeq analysis of gene expression efficiently discriminates between gene family members Neofunctionalization or subfunctionalization is often the fate of members of a gene family that occurs via accumulation of mutations after duplication (Force et al., 1999; Van de Peer et al., 2001; Navratilova et al., 2010) . Gene family members may therefore share high sequence similarity. As reads obtained in standard RNA-seq procedures (e.g., TruSeq) can be mapped equally well to all highly similar regions, these methods often fail to discriminate between recently duplicated (or very similar) gene family members. Due to the typically higher sequence variation in UTR regions, we anticipated that 3 0 -end sequencing methods, such as TranSeq, would facilitate discriminating between gene family members and may be able to detect differences in their expression better than standard RNA-seq procedures. To test this hypothesis, we analyzed the TranSeq and TruSeq data that originated from the same RNA samples by mapping the reads to the reference tomato genome (ITAG2.4). Gene expression levels were stored in two matrices of nine conditions each (Data S1 and S2). Expression values for either one of the duplicated genes in a specific gene family were extracted (Li et al., 2016) . Mean normalized counts were calculated per gene and library separately. We then applied the negative binomial distribution model, using the glimmix procedure in SAS for normalizing each column in the matrices against library size.
Notably, we found that the TranSeq and TruSeq methods detected gene duplicates differently. We observed that the TruSeq method was more sensitive and outcompeted TranSeq in absolute numbers of detected duplicates (Figure 4) . TranSeq showed an increased sensitivity for recent duplicates, which is probably due to the TranSeq reads that originate from the 3 0 -ends of transcripts (Figure 1 ). We found that the TranSeq method could unambiguously differentiate between gene duplicates that displayed low expression level and little sequence divergence (Figure 4) . To this end, we categorized 11 551 genes into 4136 gene families (Li et al., 2016) , which contained at least two gene members. Using both TruSeq and TranSeq, expression values could be assigned to 3484 gene families, which were further subjected to statistical analysis. Mean normalized counts (i.e., divided by library size) were calculated for each gene and for each library separately. In 1418 'paralog' groups out of 3484, the highest mean over all conditions was found to be a gene from the TranSeq library. For the rest of the gene families, there was no significant difference in the detection of gene expression between the TranSeq and the TruSeq methods. To further corroborate these findings, we classified the genes of each gene family to two classes, namely 'highly expressed' (to which the gene with highest mean expression levels in each gene family was assigned) and 'lowly expressed' (to which all other genes in the same gene family were assigned). We then used a t-test to measure the significance of gene expression differences between the 'low' and 'high' classes of gene expression for each developmental stage (analysis performed for each group separately). We found that in 269 gene families, there was a significant difference between the high and low classes of gene expression (P < 0.05, across all three fruit developmental stages; Table S2 ). After multiple testing using the Sidak step-down adjusted P-values, the difference between 'high' and 'low' classes of gene expression were significant in 141 gene families (P < 0.05 familywise significance level in each of the three fruit developmental stages; Supplementary_Plots.pdf). These results suggest that the sequence divergence in the 3 0 UTR allows TranSeq to outcompete TruSeq in differentiating gene expression patterns.
To further determine whether the expression profiles obtained by the TruSeq and TranSeq methods reported correctly gene expression, we measured the relative transcript levels of members of five gene families by qRT-PCR assays ( Figure S6 and Table S4 ). To better present these data and compare the results of the three methods (TruSeq, TranSeq, and qRT-PCR), expression values were normalized relative to the biological sample named 'mature green #1', and presented in the same graph. We found that while TruSeq could not detect expression for genes of these groups, TranSeq and qRT-PCR exposed gene expression similarly ( Figure S6 ). Specifically, in the group called 'ORTHO000275_2', although TruSeq could not detect gene expression, TranSeq and qRT-PCR showed that Solyc01 g101240 was highly expressed (in the qRT-PCR measurement, Ct occurred at cycle~21, and the TranSeq counts were more than~1500), while Solyc03g005280 and Solyc09 g082760 displayed low expression levels (C t were more than~31, and TranSeq counts were~0; Table S4 ). Similar results were obtained for the groups ORTHO000627_1 and ORTHO052416. In these groups, the qRT-PCR and TranSeq methods detected that one member of this group displayed high expression levels while expression of the other was low, whereas the TruSeq method could not detect the expression of these genes. In the group ORTHO000506_2, TranSeq revealed that Solyc03 g112050 and Solyc05 g013770 displayed high and low expression levels, respectively, while qRT-PCR showed that both genes were highly expressed (C t occurred at cyclẽ 25) and TruSeq could not detect expression of both genes. Similarly, in the group ORTHO000513, TranSeq revealed that Solyc07 g064130 was highly expressed while Solyc10 g006480 and Solyc11 g005670 displayed lower expression levels, and qRT-PCR showed that all three genes were highly expressed (C t occurred at cycle~22), while TruSeq could not detect expression of all three genes. Overall, this experiment showed that TranSeq and qRT-PCR detected gene expression similarly, while TruSeq failed to do so ( Figure S6) .
Furthermore, we found that the duplicates from the 141 gene families, which have a significant differential expression between duplicates, also displayed a significantly lower synonymous substitution rate than expected randomly (Ks; P < 0.001; Figure 5 ). The Ks distributions for the 653 gene families (having significant gene expression differences between the 'low' and 'high' classes) was next compared with the complete set of S. lycopersicum duplicates (the entire tomato 'paranome'). Notably, we observed that the Ks range of the 141 gene families set largely overlaps with the one associated with the Solanum whole-genome duplication set (WGD; Ks: 0.4-1.0; Vanneste et al., 2014) . Furthermore, block synteny analysis was run for the 653 gene families, using the chi-squared test plus multiple testing correction and P-value calculation within PLAZA (Proost et al., 2015) , and revealed the enrichment of these gene families (P-value = 1.2e À3 ; Table S2 ) for duplicated genes originating from the Solanum WGD/hexaploidy event (Li et al., 2016) . Taken together, these findings showed that TranSeq outcompetes TruSeq in the discrimination between gene duplicates and their expression. It also allowed us to demonstrate the significant divergence in gene duplicates originating from a whole-genome duplication.
DISCUSSION
In recent years, numerous transcriptome studies performed at the cell-type and single-cell level demonstrated a vast heterogeneity in the gene expression profiles of seemingly similar cells in organisms from diverse kingdoms (Jaitin et al., 2014b; Bahar Halpern et al., 2017) . Therefore, novel methodologies to study this gene expression diversity are invaluable. Nevertheless, they should deal with much larger sample sets as compared with the current norm as well as require relatively minute amount of RNA per sample (Lavin et al., 2014; Paul et al., 2015; Jaitin et al., 2016; Matcovitch-Natan et al., 2016; Keren-Shaul et al., 2017) . The present study demonstrated the power of TranSeq, a high-throughput 3 0 -end sequencing method originally developed for studies in mammalian systems, and its application in transcriptome assays and genome annotation in plants. While current RNA-seq experiments in plants, for example, using the TruSeq procedure (Illumina), will typically comprise a few up to several dozens of samples, the use of TranSeq is expected to increase the sample set per experiment to the hundreds and thousands scale, while keeping the experiment cost reasonably low. Notably, when performing a TruSeq experiment, the transcriptome size of tomato will require a minimum of 20 million reads to allow comprehensive gene expression analysis (Tomato Genome Consortium, 2012 , Bolger et al., 2014 . The study here demonstrated that as little as 1-2 million reads per sample are enough to cover the majority of the tomato transcriptome when performing a TranSeq experiment. Typically, this allows the analysis of up to 48 samples in a single lane of the HiSeq apparatus (i.e., Illumina), which yields about 250M reads, and therefore Figure 5 . Density plot of the synonymous substitution rate. This density plot shows the Ks distribution for the duplicate genes from the gene families which have a significant difference between high and low expression (red) and all the other duplicates (gray) in S. lycopersicum. The median Ks for both sets is indicated with a dashed line. Duplicates for which Ks > 2 were discarded. The purple background indicates the Solanaceae WGD peak area (based on Vanneste et al., 2014). greatly reduces the cost of sequencing per sample. We expect that the development of more advanced sequencing technologies will allow the analysis of even larger sample sets per lane and further reduce the sequencing costs. In addition, significantly increasing the throughput of transcriptome analysis is expected to require new data processing, quantification and certainly visualization algorithms to allow the extraction of meaningful biological knowledge. Moreover, it is even likely to stimulate breakthroughs in developing advanced technologies to carry out single-cell isolation and sampling in plants, as this development is currently a major limiting factor for executing such experiments (Guillaumet-Adkins et al., 2017).
One noteworthy weakness of 'standard' RNA-seq methods in which sequence reads cover the entire transcript is the erroneous assignment of reads in-between highly related sequences such as members of the same gene family (Hirsch et al., 2015) . Plant genomes are exceedingly enriched in large gene families that often include very similar genes in tandem gene clusters, that could be part of a duplicated genomic region or spread out across the genome (Soltis et al., 2015) . In such cases (as well as in many polyploid plant species), using the standard full transcript coverage RNA-seq methods to discriminate between expression of genes having substantial sequence similarity is a major issue of concern. We found that TranSeq, merely generating reads matching the 3 0 UTRs of transcripts, which are significantly variable even among closely related gene family members, is most effective at determining the expression level of individual, related gene family members. By comparing TruSeq to TranSeq, we showed that 75% of the tomato genes displayed a similar pattern of expression in both sequencing methods. Surprisingly, differential gene expression observed in the remaining 25% of tomato genes is the consequence of a bias introduced by the TruSeq method as it assigns reads to highly similar gene family members. Typically, with TranSeq, when examining 141 gene families in tomato, only one gene per family was expressed to a significant level while the others possessing significant sequence similarity displayed much lower expression. While the original aim of this study was to increase the throughput of transcriptomics experiments, we also realized the immense potential of the TranSeq approach for whole-genome sequence annotation. To date, more than 100 de novo sequenced plant genomes have been publicly released. However, many of these suffer from extensive fragmentation and poorly defined gene models (Wendel et al., 2016) . Following this work, we propose a complementary approach that takes advantage of two RNA-seq methods for the (re)evaluation of gene models. The currently standard RNA-seq procedure to obtain complete transcript sequences was combined with a 3 0 -end sequencing method to reannotate the tomato genome. It appeared that a large portion of gene models was misannotated at its 3 0 -end. Our approach allowed the correction of more than 45% of the tomato gene models (version ITAG2.4), by assigning them either a longer 3 0 UTR, or an additional exon at their 3 0 -end, or various extensions of their 3 0 UTR. Notably, TranSeq could also discriminate between transcripts that display multiple polyadenylation sites while TruSeq was not able to differentiate between those. Remarkably, proper annotation of 3 0 UTRs is of great importance to understand gene control, for example, the selection of polyadenylation sites and 3 0 UTR length may result in different intrinsic stabilities of a given transcript (Maret et al., 2004) . Overall, we expect that combining increasingly numerous transcriptome datasets into genome annotation strategies will facilitate a more accurate prediction of gene models. Notably, we have incorporated the refined gene models and new genes discovered in this study to the recent draft of the Tomato genome.
Despite the multiple strengths of using the TranSeq method portrayed here, it is important to note the restricted use of this method to organisms that have a minimal quality of whole-genome sequence annotation. Consequently, its use in settings such as gene expression in natural diversity sets [e.g., Genome Wide Association Studies (GWAS) population] will be reserved to species with de novo sequenced genomes. Apart from the projected impact of the TranSeq method on the resolution of transcriptome studies, we anticipate the integration of this method to gene space annotation strategies of newly sequenced plant genomes.
EXPERIMENTAL PROCEDURES Plant material and sequencing libraries preparation
Two-week-old Arabidopsis Col-0 seedlings, whole open flowers, seeds at five development stages (12, 14, 16, 18 , and 21 days after pollination), fully developed siliques, and entire tomato fruit at the mature green, breaker and red ripe stages (cv. MicroTom) were frozen in liquid nitrogen prior to RNA extraction and grinded for RNA extraction using the TRI-reagents method (Chomczynski, 1993) . A detailed protocol for the preparation of TranSeq libraries (single-end 60 bp reads) is provided in Method S1 and the overall workflow of the method is presented in Figure 1 . The protocol for the preparation of TruSeq libraries (single-end 60-bp reads) was described in Zhong et al. (2011) .
Mapping of sequenced TruSeq and TranSeq reads to the reference genomes
For TruSeq and TranSeq data were mapped using Bowtie2 v2.2.5 (Langmead and Salzberg, 2012) and TopHat v2.0.13 (Trapnell et al., 2009) to the tomato (ITAG 2.4) and Arabidopsis (TAIR 10) reference genomes. For TruSeq counts quantification data, we used HTSeq (mode = intersection-nonempty, stranded = no; Anders et al., 2015) . For TranSeq counts quantification data, we used the esat tool for counting and quantifying gene expression (see Method S1). Once mapped, reads were visualized with the GenomeView tool (Abeel et al., 2012) . For the ortho group families' gene expression analysis, all samples were analyzed with Kallisto (Bray et al., 2016) , for mapping ambiguous multimapped reads.
Genome (re)annotation
The new annotation was generated using a combination of extrinsic evidence and the Eugene software able to include extrinsic information while building gene models. This approach is a slightly modified version of the pipeline used for the original ITAG annotation. As a final step, we also included EvidenceModeler (EVM; Haas et al., 2008) , which checks Eugene predictions for support and is able to apply changes to gene models to augment the general support for gene-zmodels using the provided alignments. As extrinsic protein data, we used data from ITAG annotations from both S. lycopersicum as S. tuberosum (www.solgenomics.ne t), after being cleaned from genes with a transposable elementrelated functional description or short (<300 nt) hypothetical genes. Additionally, we run the pipeline a few times, each time including the 'best' predicted tomato proteins from the previous run in a way that will provide enough evidence to properly predict a member of a gene family, and this predicted gene will serve as the best homolog available to assist with the prediction of the other members of the same gene family. The 'best' predicted genes are those that are (AE 10%) of comparable length with the best-blast-hit against a reference protein set (therefore, we compared the gene models to Arabidopsis TAIR10 as it is the best annotated plant species). Besides protein support, we also included transcript data including ESTs collected from NCBI, RNAseq (TruSeq) junctions (reads spanning introns), and transcript contigs (from assembled TruSeq RNA-seq) cut back in contigs of maximum 500nt. Cutting back the RNA-seq contigs to 500 nt allowed reducing the chimeric contigs with misleading mappings. The TranSeq RNA-seq was independently assembled into contigs, and the contigs used as full length. The aim of this last set was to extend the gene model's UTRs in a most reliable way. All the above data were mapped on the SL2.5 assembly that was masked using Rebase 20.1 added with a custom repeat library (RepeatModeler, default parameters) and used to produce gene models using Eugene. The extrinsic evidence was then converted into GFF format appropriate for including in EVM for further possibility of local improvements.
Gene expression profiles of gene families in tomato
We analyzed libraries of TranSeq and TruSeq reads that originated from the same RNA samples (three stages in three replicates) and stored in two matrices (of nine conditions each). The expression matrix was transformed using rlog transformation (Wang et al., 2010) . The PCA was performed using the prcomp function in R. Spearman expression correlation of the genes expressed in both TranSeq versus TruSeq were compared with random distribution was based on 1000 random samples from the same set. As total library size was much higher in TruSeq than in TranSeq, we normalized the read counts by library size (to inflate the read counts in TranSeq). The negative binomial distribution was used to model the count data with the library size as offset variable using the glimmix procedure in SAS. Fixed effects were expression and condition and their interaction. Simple test of effects was calculated between the low and high expression level for each condition. Multiple testing to obtain adjusted P-values (P-value < 0.05), for testing for significant difference between 'high' and 'low' expression familywise significance level in each of the three conditions was done with the Sidak step-down function in SAS. Gene families/gene and the corresponding S. lycopersicum duplicates with Ks values were taken from Li et al. (2016) . Correlation analysis and plotting of the frequency distributions of the correlation coefficient (r) values of each pairs of duplicated genes (compared with the r-value obtained from random pairs of genes) were performed in R (version 3.1.1).
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